Limits to Learning Capacity, 'N', MINIMUM 
List of Learning Terms
Learning -generally used to mean Technological Learning.
Learning-by-Doing (LBD) -Technological Learning from experience gained from capacity growth.
Learning Rate (LR) -Cost reduction per doubling of installed capacity.
Learning Curve -The shape of the Learning Function.
Learning Factor (LF) -A factor used in the calculation of an electricity generating plants' overnight costs. This value starts at 1.0 and can be reduced every year. It is calculated in two ways and the better or lower value is the one that is used. Method 1 calculates LF as a function of capacity growth, and the second method uses a predefined Minimum Annual Learning.
Learning Function -Also known as Wright's Equation, the relationship between cumulative production and costs.
Minimum Annual Learning (MAL) -Predefined by NEMS, this value is annually subtracted from 1.0 to determine the LF upper bound. For example, if MAL was defined as 0.05 for an 'XYZ' plant, then in year 0, the LF for 'XYZ' would be 1.0, in year 1 the LF would be 0.95, in year 2 LF would be 0.90, and so on. The MAL defined LF is important when the second method of calculating LF, from capacity growth, does not lead to as low an LF.
Technological Learning -the production of goods more efficiently (cheaper or more quickly) due to learning through experience. This paper will distinguish two types of Technological Learning in NEMS, Technological Optimism Learning and Learning-byDoing.
Technological Optimism -The tendency for unproven designs to have unforeseen costs for the first few units actually built, i.e. cost expectations are always too optimistic. Technological Optimism Factor acts like a pessimistic factor.
Technological Optimism Factor-The actual counterbalancing factor that accounts for the uncertainty due to Technological Optimism by adding a premium to overnight costs.
Introduction
The Merriam-Webster dictionary defines the word "learn" as: to gain skill in, by study or experience. This work was motivated in part by an interest in understanding how newer technologies become more cost competitive over time. Technological learning leads to the production of goods more inexpensively. Technological learning as implemented in energy forecasting models describes the combined effect of economies of scale and the process of gaining manufacturing skill from repetition. Cost reductions are especially important for newer technologies, which are frequently limited in their ability to reach the marketplace by high initial costs, and which benefit most rapidly from technological learning.
This paper explains how the National Energy Modeling System (NEMS) incorporates endogenous learning into its cost calculations for power plants. The parameters that affect the magnitude of the learning for each of 21 electric generating technologies are laid out. Learning in NEMS is expressed as a percent reduction of overnight capital costs.
NEMS uses exogenously determined improvements to represent technological learning for demand side end-uses, heat rates, and oil and gas supply. This exogenous learning will not be covered in this paper. However, it should be noted that demand-side and supply-side learning are interactive (Laitner & Sanstad, 2003 
N is the cumulative production. C N is the cost to produce N th unit of capcity. C 0 is estimated cost to produce the first unit. b is the Learning Parameter, equal to ln (1-LR) / ln (2), where, LR is the LBD Rate, or the cost reduction per doubling of capacity.
In the technology learning literature the term Progress Ratio is frequently used. It is the complementary value to LR, i.e. 1-LR.
The following hypothetical example, illustrates Wright's Equation. If the first two airplanes took 1000 and 800 hours to assemble respectively, then the LR for airplane assembly could be calculated as 20% and the Progress Ratio would be 80%. Wright's Equation projects future production time if the LR is known. Therefore, the fourth airplane should take 640 hours to assemble and the eighth, 512 hours. This learning curve is shown in Figures 1 and 2 , below. These figures are based on the same data, but Figure 2 is plotted on a log scale to illustrate the log linear nature of the learning function. The learning function described by Wright relates labor input reduction to experience. However, capital cost reductions have also been shown to correlate with experience (Mackay & Probert, 1998) . Therefore, the learning function applied to electricity generating technologies in NEMS governs overall initial capital cost reductions not labor reductions.
Distinct Learning Stages
There is ample evidence from the literature that electricity generating technologies have distinct stages of development that correlate to different LRs. Colpier & Cornland (2002) identified three phases of development with different LRs for natural gas combined cycle plants. Grubler et al. (1999) The LRs that Grubler et al. (1999) associate with each classification are in Table 1 , below. While conceptualizing technological development by three stages is pretty consistent in the literature, the LRs associated with each stage are not. Even the definition of maturity level for certain technologies is subject to interpretation. Unlike Grubler et al. (1999) , NEMS considers Geothermal an incremental technology and Biomass a radical technology. Table 2 are predefined input values for the ECP. However, the optimism factor can be reduced over time. 
Capital Costs for Electric Generating Technologies in NEMS

Engineering Cost Estimates
The initial engineering cost estimates for overnight costs come from realized costs for more mature technologies. 
Technological Optimism Factor
The Technological Optimism Factor (TOF) is a contingency factor applied to the most immature generating technologies. Technologic Optimism is not the typical LBD discussed in the literature, but it is still learning through experience. EIA has identified a tendency for unproven designs to have unforeseen cost overruns for the first few units (EIA, 2002) . In order to account for this tendency, the first five units have a TOF applied to the initial engineering estimates. This factor represents rapid learning over the course of the first few units built. The magnitude of this factor is determined by historical data and by econometric estimates originally performed by Ed Merrow at RAND (Personal Communication with James Hewlett, EIA, Nov. 2002). Section 4 explains the Technological Optimism in more detail.
Project Contingency Factor
The Project Contingency Factor (PCF) is a traditional risk factor applied to all technologies, mature or not. The PCF does not change from year to year. Except for nuclear plants, the PCF ranges from a high of 1.10 to a low of 1.05; conventional nuclear plants have a PCF of 2.19. PCF does not relate to learning.
Learning Factor
The Learning Factor (LF) is calculated based on each technology's capacity increase. The LF was explained along with Wright's equation in the previous section. The LF applies to all production and can change every year for every technology. The LF starts at 1.0 in 2002 for all technologies. A detailed explanation of how LFs are calculated follows in Section 5.
Technological Optimism Learning
Technological Optimism Learning (TOL), or the reduction of the TOF, is the learning associated with initial commercialization of electric generating plants. It only applies to technologies that are just beginning commercialization. While optimism sounds positive, the TOF is used to raise costs to offset unrealistic optimism.
Technological Optimism (TO) represents the difference between initial new technology cost estimates and actual first-of-a-kind costs by adding a premium to the first five units built of unproven technologies. TOL is the reduction of this premium to 1.0, and after the fifth unit is built, there is no longer any premium associated with TO. Cost reductions associated with TOL are significant but less powerful than the concurrent LBD reductions.
There are only four technologies that are young enough to have TO associated with them: fuel cells, biomass, solar thermal, and photovoltaic plants. The initial TOFs are shown in Table 3 . In NEMS, the first plant is considered preexisting for uncommercialized technologies, so the premium applies to the first four plants built, which are plants numbers two through five. The TOFs decrease linearly to 1.0 as units two through five are built. 
Learning-By-Doing (LBD) and Learning Factor Calculation
LBD in NEMS is the process first described by Wright that accounts for cost reductions due to manufacturing experience. LBD illustrates the relationship between cumulative production (experience) and the cost of the next unit of production. In NEMS, cost reductions are related to cumulative installed capacity, which is a surrogate for experience, and cost reductions are described by percent reduction in capital cost for each doubling of cumulative capacity. Cost reduction per doubling of capacity is based on maturity of the technology or vintage.
Equation (1) solves a technology's current production costs when three parameters are known: overnight costs for the first unit, C 0 , cumulative production, N, and progress ratio or LBD rate, LR. NEMS however, cannot use Equation (1) because the cost data available is for current capacity not for first unit of capacity, C 0 . Therefore, the learning function in NEMS takes on a slightly different form than the classic version, making use of current production cost data to calculate current production costs C N . AEO 2003 has collected data for capacity available in year 2002, X, and next unit costs in year 2002, C X , for each technology. Therefore, NEMS determines C N , by solving a variation of Equation (1) .
X is the baseline capacity given in the initial year ( for AEO 2003 . C X is the cost to produce the next unit, when cumulative capacity is X. LF N is the Learning-by-Doing Factor for capacity N, i.e. the percent reduction of the engineering cost estimates and LF is a function of N.
If NEMS can calculate the LF when production equals N, then Equation (2) can be used to solve for C N . LF N can be found by substituting Equation (1), into Equation (2) giving:
Then reducing, rearranging, and solving for LF N gives,
a is the parameter equal to 1/ X b , as used in NEMS for simplicity.
X and b are known constants in NEMS, while N is calculated annually. All the X and b values are explained and shown below in the following two sections.
Baseline Capacity, 'X'
The determination of Baseline Capacity is confusing as is shown in Note: The definition of Baseline Capacity follows this logic. If Column C is greater than Column D, Column F equals Column C's value. Otherwise Column F equals Column E's value.
Learning Parameter, 'b' & Vintage
The Learning Parameter, b, assumes one of three values depending on what vintage the electric generating technology has been defined. These three vintages, revolutionary (Rev.), evolutionary (Evo.), or conventional (Con.), roughly correspond to three of the stages of technological development described in Grubler et al. (1999) , Radical, Incremental, and Mature. Vintage by plant type is shown above in Table 4 . b is defined by its relationship with the LR.
b can be calculated when LR is known. LR corresponds to vintage. Both values are shown in Table 5 , below. Even though a plant's initial vintage is predefined, there is one complication related to vintage. Over time, installed capacity increases and eventually a revolutionary plant can become evolutionary and an evolutionary plant can become a conventional one. Therefore, there must be some point defined when technologies are assumed to pass from one vintage to another.
Breakpoints
NEMS calls the inflections between vintages, breakpoints and these predefine when vintage advances. A revolutionary technology is redefined as an evolutionary technology after three doublings of capacity, i.e. when N = X* 2 3 . An evolutionary technology is redefined as a conventional technology after five doublings of capacity, i.e. when N = X* 2 5 . Potentially, even a revolutionary technology could become conventional after eight capacity doublings, i.e. when N = X* 2 8 .
The AEO 2003 Reference Case forecasts that five plant types will have sufficient installed capacity gains to surpass their breakpoints before 2025. Photovoltaic and Fuel Cell technologies begin as revolutionary and become evolutionary. The two Distributed Generation plant types and the Advanced Combustion Turbine plant type begin as evolutionary and become conventional.
Cumulative Production and Learning Capacity, 'N'
NEMS differentiates between what it considers cumulative production, N for calculating capacity doublings, and total installed capacity. The value of N is not necessarily equal to the total installed capacity. Installed capacity growth is calculated annually in the ECP submodule. N is related to the installed capacity, but will henceforth be called Learning Capacity. There are potentially two adjustments made to actual total installed capacity, in order to calculate N, one adjusts higher and one lower. First, NEMS gives learning capacity credit to technologies with international experience. The capacity growth that should count towards international LBD is shown in Table 6 . The second adjustment is based on maximum annual learning capacity growth.
International Learning
Manufacturing experience and economies of scale, which lead to learning, are not limited to domestic experience. There are two ways international capacity can impact domestic learning, through technology and people's LBD (Petersik 1997) . First, companies that manufacture domestic power plant components may also produce similar components internationally. Second, international experience can lead to industry wide learning. To reflect this interaction, off-shore development is counted, but the amount of international capacity growth that NEMS accepts is limited in two ways. First, only a percent of the total international growth counts based on the extent to which the companies which manufacture, design, operate, and own the plants compete in the U.S. Second, no more than one standard size plant's worth of international capacity per year can count towards domestic learning (Personal communication with Thomas Petersik, EIA, Dec. 2001 ). Source: NEMS input file, eintlrn. Table 6 is rather abbreviated because all the other data from the input file is for earlier years. The international capacity file for NEMS was created many AEO versions ago and has not been updated. This component is out of date.
Limits to Learning Capacity, 'N', Growth year-to-year
EIA feels, justifiably, that there should be an upper limit on LBD in any one year no matter how dramatic the one-year capacity growth may be; therefore, credited growth is limited to 50% beyond the previous year's installed capacity. In other words, when a technology experiences rapid growth, N has a maximum increase year-to-year of 50%, but any growth beyond 50% can count towards N in the following year.
Minimum Annual Learning
Equation (4) This is not to say that costs are reduced every year. The minimum LF for all years is predefined and correlates to vintage regardless of any or all installed capacity growth. If capacity growth leads to a lower LF than MAL, then the minimum LF is irrelevant. If, however, capacity growth leads to a higher LF than MAL does, the minimum LF is used. as a lower bound. MAL is shown in Table 7 below, and increases in a constant fashion. 
Learning Curve by Vintage
TO and LBD both apply for production of the first 4 units built, i.e. units two through five. Therefore, the revolutionary technologies have cost reductions beyond 10% per doubling up to two and a quarter doublings. The shape of the learning curve in NEMS is shown in Figure 3 , which has a log-log scale. This figure is an illustration of what the learning curve would look like for a technology that passes through all three stages. Therefore, the cost axis has no units associated with it as the starting point could be at any level. 
Learning Examples: Advanced Combined Cycle & Photovoltaic plants
In order to verify NEMS's learning calculation, the learning for each technology was calculated for every year and compared to the values calculated by NEMS. The learning factor and most of its related variables are not usually output by NEMS, but the ELOPTLC subroutine can output these variables, which made the verification much easier.
Using initial values for all the relevant variables, a spreadsheet model replicating the ELOPTLC code was written. Once the algorithm and the spreadsheet were set up, it took a little debugging to get the spreadsheet to match the NEMS output. This algorithm is included in the Appendix. A more simplified example of NEMS's learning calculation is shown below in Table 8 , for an evolutionary plant, Advanced Gas/Oil Combined Cycle. The calculation of all the relevant variables each year, is included. Subsequently, a revolutionary turned evolutionary plant example, photovoltaic, is shown in Table 9 .
This section will explain all steps needed to calculate the Learning Factor in NEMS. Then the reader is walked through the steps for an example Combined Cycle plant.
1.
Identify the Baseline Capacity. 2.
Identify the vintage of plant. 3.
Calculate Learning Parameter, b.
4.
Calculate 1/ X b term, which is called a for simplicity. a. Identify the annual capacity growth from Electricity Capacity Planning Submodule.
5.
Calculate Learning Capacity based on capacity growth. 6.
Learning Factor calculated (a* N b ) based on values from #4 and #6 above. 7.
Learning Factor calculated based on Minimum Annual Learning, Table 7 . 8.
Select Learning Factor. 9.
Repeat steps 6 -9 for years 2003 -2025.
Working through the proceeding steps for an advanced natural gas combined cycle plant results in the following values.
1. 10314 MW from Table 5 . 2.
Given as Evolutionary. 3. Table 5 indicates that an Evolutionary plant has a LR of 5%, and that b equals negative 0.074.
4.
From #1 and #3 above, a is calculated to be 1.981 / MW. NEMS calls this quantity parameter 'a' in order to be able to express the Learning Factor equation (4) Learning Capacity is equal to the actual capacity 11,383 MW, because 1069 MW is less than 50% of 10,314 MW. 7.
LF 2003 equals 0.993.
8.
Minimal annual learning is 0.43%, Table 7 , so the minimum learning factor is 0.996. (1.000 -0.0043). 9.
The lessor of #7 and #8 above, 0.993.
10.
These values are shown in the following spreadsheet.
-Step 6 is calculated in Column Learning Capacity.
-Step 7 is Column LF.
-Step 8 is Column minimum LF, and -Step 9 is Column Final LF Notes:
In 2007, PV is redefined as an Evolutionary vintage since it passes its breakthrough capacity point of 40 MW. Therefore, the MAL, 'b', and 'a' values are all redefined.
The Total Capacity is higher than the Learning Capacity starting in 2004 because of a minor code inconsistency.
Effects of Endogenous Learning in the Annual Energy Outlook Reference Case
The end result of all the learning calculations in NEMS is shown in Table 9 . The plants that learn the most are photovoltaic, fuel cells, distributed generation-peak, biomass, and advanced combustion turbine plants. Three of these are revolutionary plants, wherein modest absolute installed capacity growth leads to a significant number of capacity doublings. Many of the 21 plant types only reach their minimum LF. The values in Table 10 that are the minimum LF values have been shaded. The minimum values can be verified by using Equation (8), with the values from Tables 7 & 4 for MAL, year, plant, and vintage. The total effect over time of technological learning on costs is shown in Table 10 . The costs shown in the year 2002 column are identical to those from Table 2 . The last column shows the percent cost reduction over the forecast horizon. The percent reduction is identical to the LF for all but six plant types. The cost reductions for the two Distributed Generation plant types are related to both the LF and some learning exogenous to NEMS, which reduces the engineering cost estimates over time. No other technology has predefined cost estimate reductions. The cost reductions for the four revolutionary plants, Fuel Cells, Biomass, Solar Thermal, and Photovoltaic result both from the LF and from the reduced technological optimism factor. There are six parameters that affect Technological Learning in NEMS.
Further Research Needs
As with most studies, new questions have arisen during this analysis. There are also areas where the analysis could be improved. Three of the key areas requiring additional research are highlighted below. (Colpier & Cornland, 2002; Grubler et al. 1999; Neij, 1997; Mackay and Probert, 1998) 
Appendix -Learning Algorithm
This appendix illustrates NEMS's learning factor algorithm and follows the logic used in the ucape source code. The first page shows a schematic representation of the algorithm. The ten steps are briefly explained on second page. The third page defines the notations or abbreviations used. The last page shows Step 6 of the algorithm, which is complicated enough to warrant it own schematic. Step 1. Identifies the Baseline Capacity, which is needed to calculate parameter 'a' and Breakpoint Capacity.
Step 2. 
Steps 3 & 4.
Calculates parameters "a" and "b" which help calculate the Learning Factor in Step 7.
Step 5.
Identifies installed capacity for a given year, C year .
Step 6. Is the calculation of the Learning Capacity, shown in Figure A -2. Learning Capacity is calculated from the actual capacity, the previous year's capacity, previous year's Learning Capacity, and the typical unit size. This step applies rules about the minimum value for Learning Capacity and the maximum year-to-year Learning Capacity increase. There are five possible ways to calculate Learning Capacity depending on the situation.
Step 7. Calculate Learning Factor the first way, from Learning Capacity.
Step 8. Calculate Learning Factor the second way, from the minimum annual learning.
Step 9. Choose actual Learning Factor, the lesser of Step 7 and Step 8.
Step 10.
Next year starts and the algorithm repeats itself starting at Step 5, unless the plant type has surpassed the Breakpoint Capacity. If so, the vintage is redefined and the current year begins at Step 3. 
